Abstract
Introduction
In the fundus image of retina, retinal vasculature is a complex network, which consists of hollow pipes of various dimensions. Retinal vascular network includes arteries, arterioles, capillaries, veins and venules. Arteries are brighter and they are used to transport blood high in oxygen level to the various organs of the body and the veins are darker and they are used to transport blood low in oxygen level.
Information about location of the retinal vasculature, assessment of its morphological attributes like length, diameter, width, tortuosity and branching angle and detection of abnormalities is important for diagnosis, screening and treatment of various disorders such as stroke, cardiovascular diseases, hypertension, diabetes and arteriosclerosis. This treelike structure is also useful to find the other normal features of retina such as macula or fovea or optic disk or for the automatic identification of pathological elements like hemorrhage, micro aneurysms, exudates or lesions. Vascular diseases present a challenging health problem for society. So, superior image segmentation algorithms are needed for understanding and management of these circumstances in a better way. Segmentation of vessels in an accurate manner is a tedious job because of the following reasons:  Less variations in the contrast between vasculature and surrounding tissue  Presence of noise in the retina image  Variation in the vessel width, branching angle, brightness, and shape.  Presence of exudates, lesions, hemorrhage and other pathologies. Segmentation of vessels is possible using manual segmentation methods, semi-automatic methods and fully automatic methods. Segmentation of blood vessels using manual method and semi-automatic method is very tedious and time consuming task because high skills and training is required in both these methods. Moreover these segmentation techniques are susceptible to errors. With the use of fully automatic segmentation techniques problem of manual segmentation and semi-automatic segmentation can be overcome. These automatic techniques are helpful in the advancement of computer-aided diagnostic systems which are used for diagnosis of ophthalmic disorders. Several algorithms and techniques by various authors have been presented in this paper. The main goal of the paper is to compare various image processing techniques and to analyze various performance metrics obtained after automatic segmentation of retinal vessels. Figure 1 represents structures like arteries, veins, fovea, optic disc and various pathologies present in retinal images.
Figure 1. Anatomical Structures in Retinal Images [1]
The remaining paper includes the following sections: Section II describes the information about image databases and performance metrics used in blood vessel segmentation techniques. Section III presents classification of various retinal image segmentation techniques and brief description of each technique. Section IV illustrates the conclusion and future scope.
B. Performance Metrics
Pixel base classification is used for extraction of blood vessels from the fundus image. Pixel classification is done on the basis of whether the pixel belongs to vessel or surrounding tissue. So, four different possible events are possible which include pixel classifications and pixel misclassifications. True positive (TP) and true negative (TN) are the two pixel classifications and false positive (FP), and false negative (FN) are the two pixel misclassifications. Number of these four different classifications can be used for evaluation of various performance metrics. An event is classified as TP if a vessel pixel is correctly identified as vessel and TN if the non-vessel pixel or pixel in the surrounding tissue is correctly identified as non-vessel pixel. An event is said to be FN if the predicted pixel represents non-vessel pixel but actually it was vessel pixel. An event is said to be FP if the predicted pixel represents vessel pixel but actually it was non-vessel pixel. The important performance metrics which can be derived from the above events are given below: 1) TPR: TPR can be defined as the proportion of pixels correctly detected as vessel pixels. The ratio of number of pixels correctly identified as vessel pixel to the number of pixels present actually in vessel area can be used for evaluation of TPR.
2) TNR:
The ratio of number of pixels correctly identified as non vessel pixel to the number of pixels present actually in non vessel area can be used for evaluation of TNR.
3) FPR:
FPR can be defined as the proportion of pixels incorrectly identified as vessel pixels. The ratio of number of pixels erroneously identified as vessel pixels to the number of pixels present actually in non-vessel area can be used for evaluation of FPR FPR can also be expressed as, FPR = 1 -TNR.
4) FNR:
The ratio of number of pixels erroneously identified as non vessel pixels to the number of pixels present actually in vessel area can be used for evaluation of FNR FNR can also be expressed as, FNR = 1 -TPR.
5) Accuracy (Acc):
Acc is evaluated by taking the ratio of total number of true events which is the sum of TP and TN, to the total population which is the total number of pixels actually present in the image. The formula for accuracy is
6) Sensitivity (SN):
SN metrics represents the ability of a segmentation method to detect the vessel pixels. SN is defined as the ratio of TP to the sum of TP and FN. Range of sensitivity is between 0 and 1. More SN means algorithm is able to identify vessel pixels correctly. SN measure is expressed as SN can also be expressed as SN= 1-FNR.
7) Specificity (SP):
SP metrics represents the ability of a segmentation algorithm to detect background or nonvessel pixels. SP is also defined as the ratio of TN to the sum of TN and FP. Range of specificity is also between 0 and 1. More SP means algorithm is able to identify non-vessel pixels correctly. SP measures is expressed as SP can also be expressed as, SP = 1 -FPR
8) Area under curve (AUC):
Receiver operating characteristic (ROC) curve is used to extract AUC that is widely used performance metrics. A ROC curve is the curve which plots the graph between 1-SP versus SN. The value of AUC should be 1 for optimal systems. The performance of the system is better, if the curve approaches closer to the top left corner. In case of retinal images, pixels inside the field of view (FOV) are considered for computation of TPR and FPR.
Classification of Various Vessel Segmentation Algorithms
In this paper, various vessel segmentation techniques are categorized according to the methodologies employed in image processing. Image segmentation algorithms are mainly classified into following categories; some of them are further classified. Various segmentation techniques used for extraction of blood vessels are supervised methods, unsupervised methods, matched filtering approach, morphological approach and deformable models. Several retinal blood vessel segmentation techniques proposed by [4] - [28] are encapsulated in this category.
A. Supervised Classification:
Supervised classification techniques require some labels to judge whether a particular pixel belongs to a vessel or surrounding tissue. So, in historical data, right answers are present in labels. Labeled training data is used by supervised segmentation methods for the training of the classifier. These classifiers can be used to classify pixels either as vessel or nonvessel in a new field of view. Various classifiers used in segmentation are artificial neural networks (ANN), support vector machine (SVM), k-nearest neighbors, AdaBoost, Gaussian mixture models (GMM)). An advantage of supervised classification is that accuracy of system is more due to presence of labeled data. But the disadvantage is that it requires human effort in the loop.
B. Unsupervised Classification:
Unsupervised methods do not require any prior labeling information for the segmentation of retinal vasculature from fundus image. So, in historical records, no wrong or right answers are present. Intrinsic patterns of vessels can be find out using unsupervised classification methods which can be further used for classification of pixels. An advantage of unsupervised classification is that it requires minimal human effort in the loop. But the disadvantage is that accuracy of system is less due to absence of labeled data,.
C. Matched Filter:
Matched filters approach convolve a 2-D structural element (kernel) which is linear in nature with a retinal image for segmentation and detection of retinal vascular network. The kernel is designed to rotate at many different orientations to fit into vessels of various configurations and presence of this feature is identified by the matched filter response (MFR). Due to the less contrast variation between vessel and surrounding tissue or due to the presence of noise and pathologies in the fundus image, number of false responses increase. So, MFR method in conjunction with various image processing techniques is found to be very efficient. Image enhancement is performed with the help of matched filters which do not perform in isolation, so this approach is followed by other approaches like thresholding for the correct identification of pixels belongs to vessel.
D. Morphological Operations:
The word morphology deals with the shape and structures of objects. Several techniques used in digital image processing are based on mathematical morphology. Two operators used in morphological processing are Dilation and Erosion. Structuring elements (SE) of certain intensity and shape is used by the dilation and erosion operations. Expansion of object is dome by dilation operator and compression of object id done by erosion operator. Two more operations are opening and closing of an image which is built up from dilation and erosion. Opening operation on image using the structuring element S is defined by the following mathematical expression.
Closing operation on image using the structuring element S is defined by the following mathematical expression.
Where represents dilation operation and represents erosion operation. Opening and closing operations are mostly used together in various morphological operations used in image segmentation process for the selection of features. Features size can be enlarged and reduced repeatedly with the help of these operations, allowing the elimination of noise and very small details. Watershed and top hat transformations are the two methodologies which are related to the mathematical morphology and can be used in image segmentation for numerous medical applications. E. Deformable models Deformable models are used for segmentation to search out the proper shape or boundary of the object by using initial contour. These deformable models are further classified into two main categories: Parametric deformable models (PDM) and Geometric Deformable Models (GDM).
1) Parametric deformable models (PDM):
Active contours models or snakes are used to locate the boundary of the object or extract the important feature from the fundus image by using the initial contour. Parametric curve is used for the modeling of active contour and this curve tries to find the minimum energy by moving the points of the contour to its minimum neighborhood. The energy of the snake is computed form internal and external energy, so the sum of both these energies is minimized to get minimum snake energy. The snake energy is the combination of three terms: E int ,E img , E con . E int represents the internal energy of the snake, E img represents the energy of the image and the E con represents the energy of the external constraint forces. Mathematically the internal energy of the snake is shown as where alpha( and beta ( are the two coefficients used for controlling the energy of the snake. v(s) represents the position of snake given by the curve where . ‖ ‖ and ‖ ‖ represents measure of elasticity and curvature respectively. ,E img is computed by taking the gradient of image. Sometimes Gaussian filter is applied to the image for the removal of noise, if present. After that gradients are evaluated to find the energy of the image. Mathematically image energy with 2D Gaussian filter can be expressed as Sign of image energy may be different for different algorithms used for extraction of vessels. As compared to other classical feature extraction techniques, active contour models have many advantages:  Minimum state is searched adaptively and autonomously.  Sensitivity is introduced with the use of Gaussian smoothing in the image energy function  Dynamic objects can be tracked. Along with the advantages, these models also possess some key drawbacks.  Active contour models are sensitive to local minima states, but with the use of simulated annealing techniques this effect can be counteracted.  During energy minimization, minute features are ignored over the entire contour. 2) Geometric deformable models GDM are used to tackle the limitations present in PDM: they are independent of parameterization; no self-intersections are produced because they are numerically stable and topology changes can be permitted automatically. Level set techniques and curve evolution theory is the base of GDM. These surfaces and curves are evolved using geometric measures only, leading to a contour evolution that does not depend on parameterization and can be represented implicitly.
Comparison of various algorithms, image processing techniques and performance metrics (SN, SP, ACC, AUC) proposed by different authors is shown in Table 2 . 
Discussion
On the basis of literature survey as mentioned in the Table II , various plots for performance metrics is drawn for DRIVE and STARE databases. 
Conclusion
In recent years, the extraction of the vasculature from the intricate network becomes a major research area. The correct extraction of the retinal vasculature is necessary for screening and identification of ophthalmologic disorders. The main motive of this paper is to introduce various retinal segmentation techniques in conjunction with the performance metrics like SN, SP, Acc and AUC for various databases, found in literature. Although many promising retinal vessel segmentation techniques are developed but still there is a scope for improvement in vessel segmentation methodologies because the future direction of segmentation analysis are going to be towards developing automated, quicker and accurate techniques.
